Esophageal cancer is a malignant tumor with a complex pathogenesis and a poor 5-year survival rate, which encourages researchers to explore its molecular mechanisms deeper to improve the prognosis.
Background
Esophageal cancer is the eighth most common cancer worldwide [1] and is the fifth leading cause of death in China. The 5-year survival rate of EC patients is <10% due to the lack of valid biomarkers for early diagnosis and efficacious drugs [2] , and there are no reliable molecular targets in esophageal cancer. Therefore, it is vital to find novel biomarkers for the prognosis of esophageal cancer and to develop new targeted therapies.
Due to the lack of specific early symptoms and the lack of biomarkers, the prognosis of ESCA is poor. Recently, it was reported that several genes are related to the diagnosis of ESCA, including Bmi-1 [3] , Ezrin [4] , and LOC285194 [5] . However, there are currently no specific molecular markers of early-stage esophageal cancer. To screen biomarkers to enhance the diagnosis of ESCA, we searched for differences in gene expression between ESCA and normal samples.
To identify pathogenic genes, microarray analyses was performed to generate massive datasets in accessible cancer databases, which is an established effective method [6] . Cancerrelated public databases such as the GEO and The Cancer Genome Atlas (TCGA) describe the matched normal tissues of 33 cancers and over 11 000 patients and have been widely used in the identification of prognostic gene properties of cancer [7] . To identify new potential therapeutic and prognostic targets in esophageal cancer, we integrated 4 separate esophageal cancer datasets in the GEO database, and we also demonstrated that the ECM-receptor interaction was the most important regulatory pathway in ESCA. We screened 2 genes, SPP1 and FN1, and found that the expression of SPP1 and FN1 in esophageal cancer samples was elevated in the GEO data and in data from the TCGA and GTEx projects. Gene set enrichment analysis (GSEA) was performed to study biologic pathways shared by different SPP1 or FN1 expression levels. Kaplan-Meier analysis demonstrated that patients with high expression levels of SPP1 and FN1 had worse overall survival. These results indicated that SPP1 and FN1 had the potential to be biomarkers for esophageal cancer, and dysregulation of SPP1 and FN1 was associated with the development and prognosis of this malignancy.
Material and Methods

Screening gene expression profile data
The National Center for Biotechnology Information (NCBI) GEO database (https://www.ncbi.nlm.nih.gov/geo/) is a databank with many gene expression datasets and online resources and is used to retrieve gene expression data from any species or man-made source. We used the keywords 'esophageal cancer' and the organism 'Homo sapiens'. The inclusion criteria were: (1) No samples received any chemical or physical treatment;
(2) There were tumor and non-tumor data in the same study;
(3) Datasets had the original gene expression data files; and (4) The distribution of the values for the samples we selected were median-centered values, which showed normalized and cross-comparable data. This was the basis for the qualified microarray.
We searched and obtained 1384 items, and gene expression profiling of patients with esophageal cancer GSE92396, GSE20347, GSE23400, and GSE45168 was finally obtained. Dataset GSE92396, analyzed with the GPL6244 platform ([HuGene-10-st] Affymetrix Human Gene 1.0 ST Array), consisted of 21 samples including 12 esophageal tumor tissues and 9 normal esophageal tissues. Data from the pooled normal sample GSM2428987 in GSE92396 were not included in this study. The dataset GSE20347, analyzed with the GPL571 platform ([HG-U133A 2] Affymetrix Human Genome U133A 2.0 Array), included 17 matched micro-dissected tumors and normal tissues. For dataset GSE23400, analyzed with the GPL96 platform ([HG-U133A] Affymetrix Human Genome U133A Array), 106 samples were included with 53 esophageal tumor tissues and 53 normal esophageal tissues. Data of samples in platform GPL97 were not used in our study. The GSE45168 dataset, analyzed with the GPL13497 platform (Agilent-026652 Whole Human Genome Microarray 4x44K v2), consisted of 10 samples derived from ESCA patients (5 cancerous tissues and 5 normal tissues). The dataset GSE13898 was applied to validation cohorts, which was analyzed with the platform GPL6102 (Illumina human-6 v2.0 expression BeadChip), and included 75 cancer and 28 normal samples. The main characteristics of these 4 datasets that met our criteria are shown in Table 1 . 
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DEG identification and clustering GEO2R (https://www.ncbi.nlm.nih.gov/geo/geo2r/) was utilized to explore DEGs [8] by comparing the tumor and normal samples to identify DEGs across experimental conditions. The fold-change (FC) of gene expression was determined under the limitation of |logFC| ³1 and P value <0.05 for DEG selection. A volcano plot was used to visualize the identified DEGs using ggplot2 of R [9] . Jvenn (http://bioinfo.genotoul.fr/ jvenn), an open-source component to analyze data, was used to construct Venn diagrams [10] .
Pathway analysis
GO and KEGG were utilized to confirm characteristic biological attributes and pathways, diseases, drugs, and chemical substances [11] by using online tools of the Database for Annotation Visualization and Integrated Discovery (DAVID, https://david.ncifcrf.gov/), a website that integrated and demonstrated the detailed function of a mass of proteins or genes using bioinformatics [12] . Enriched terms with P<0.05 were selected. After that, the R package ggplot2 was utilized to visualize the main biological processes, molecular functions, and cellular components [9] .
Additionally, many functional relationships and interactions occurring among proteins whose systematic features revealed the context of molecular systems biology were at the core of cellular processing. The Search Tool for the Retrieval of Interacting Genes (STRING) database (http://string-db.org) was used in our study to evaluate and visualize the interactions of genes within a network [13] . Discounted nodes in the network were hidden. To visualize modules of the PPI network, the Molecular Complex Detection (MCODE) in the Cytoscape app was used, with the degree limitation of 2, the node score limitation of 0.2, the k-core limitation of 2, and the max.depth limitation of 100. For each module, DAVID was used to analyze the pathway of genes. To find and categorize related B-E) Volcano plots of differentially expressed genes. X-axis: log fold-change; Y-axis: -log10 (P value) for each probe. There were 796 genes identified as being upregulated and 781 genes downregulated in GSE92396 (B), 964 genes were upregulated and 768 genes downregulated in GSE20347 (C), 316 genes were upregulated and 356 genes were downregulated in GSE23400 (D), 644 genes were upregulated and 879 genes were downregulated in GSE45168 (E). (F) Venn diagram of the overlapping genes of the 2 sets of DEGs. There were120 DEGs that were significantly differentially expressed in all DEGs sets.
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genes, including co-expression and co-localization, we used GeneMANIA (http://genemania.org/), which searched many biological datasets, including GEO, PFAM (http://pfam.sanger. ac.uk), BioGRID (http://thebiogrid.org/), and Pathway Commons (http://www.pathwaycommons.org/) and other databases [14] .
Gene set enrichment analysis (GSEA)
GSEA is a computational method (https://software.broadinstitute.org/gsea/index.jsp) used to assess correlations between pathways and gene expression [15] . To identify the correlations between common gene expression and related pathways in esophageal cancer, GSEA was used to look for significant differences between high expression and low expression. Terms enriched with nominal p value <0.05 and normalized enrichment score |NES| ³1.8 were selected.
Expression level and survival analysis of the key genes
The Gene Expression Profiling Interactive Analysis (GEPIA) (http://gepia.cancer-pku.cn/index.html) is a mature network using a standard processing pipeline, which is used to analyze expression data of RNA sequence. The web server provides differential expression analysis and survival analysis between tumor and normal samples with 9736 tumor samples and 8587 normal samples in TCGA and the GTEx projects [16] . Gene expression in individual stages of cancer ( [17] . To visualize the expression level, prognosis, and relationship, boxplots and disease-free survival curves were constructed.
Statistical analysis
GraphPad Prism 6.0 software was used to analyze data. Comparisons of the 2 groups were made using the t test, or with non-parametric test when the overall distribution was unclear. The difference was considered statistically significant when P values were less than 0.05.
Results
Identification of differentially expressed genes
To confirm possible biomarkers of esophageal cancer, we first screened the literature at first as shown in Figure 1A . We found 101 items of microarray-based esophageal cancer study. Among these items, 106 items did not meet our inclusion criteria and were eliminated. We selected 171 samples from 4 items (Table 1) with 87 tumor and 84 non-tumor samples. Finally, GSE92396, GSE20347, GSE23400, and GSE45168 were applied to discover differentially expressed genes in esophageal cancer. To study gene expression alteration related to esophageal tumor progression, the DEGs of these 4 datasets 
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were then explored. The GEO2R was used to explore the DEGs with the cut-off criteria whose adjusted P value was less than 0.05 and |log fold-change| was not less than 1 after being normalized with the RMA algorithm. A total of 1577 genes, 1732 genes, 672 genes, and 1523 genes were identified as DEGs between tumor samples and normal samples after the analysis GSE92396, GSE20347, GSE23400, and GSE45168, respectively ( Figure 1B-1E) . Additionally, the common DEGs identified in the databases were visualized in Venn diagrams made by use of Jvenn ( Figure 1F ). There were 120 common DEGs in the esophageal tumor samples, which were considered in the development and progression of esophageal cancer ( Figure 1F ). 
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Functional enrichment of differentially expressed genes
To gain a deeper understanding of the biological roles of the 120 DEGs, DAVID was applied to analyze the GO and KEGG pathways. For 3 domains of GO, approximately half were related to the biological process category, and extracellular matrix organization and collagen catabolic process were the top 2 relevant biological processes. For cellular component, extracellular terms were mainly enriched. Regarding molecular function (MF), most of them were concentrated mainly in enzymatic activity, including serine-type endopeptidase inhibitor, serine-type endopeptidase, protease binding, and extracellular matrix structural constituent (Figure 2A , Table 2) , and KEGG pathway analysis demonstrated that amebiasis and ECM-receptor interaction were 2 of the most enriched pathways ( Figure 2B , Table 3 ), among which amebiasis was reported to show a strong association with chronic infection in esophagus tumors [18] . Furthermore, to identify the important genes related to esophageal cancer, an integrated PPI (protein-protein interaction) network was used. One hundred and twenty DEGs involved in interactions between each other and their KEGG pathway were demonstrated in a PPI network with STRING 10 ( Figure 2C ). The top module (score =8) that used the MCODE plug-in was selected to explore crucial modules in this PPI network ( Figure 2D ). ECM-receptor interaction and transcriptional mis-regulation in cancer were the main KEGG pathways ( Figure 2D ). We found that the common enriched KEGG pathways were amebiasis, ECM-receptor interaction, focal adhesion, PI3K-Akt signaling pathway, protein digestion and absorption, and transcriptional mis-regulation in cancer. These 120 genes enriched in skin development and extracellular matrix were categorized based on their functions using GeneMANIA (Figure 3 ). We found that the most commonly enriched function was ECM-receptor interaction.
SPP1 and FN1 were overexpressed in independent esophageal carcinomas
To further assess the altered expressions of DEGs, GSE13898 was used as a validation cohort including 75 esophageal tumor samples and 28 normal esophageal samples. Because both SPP1 and FN1 are related to the ECM-receptor interaction (Figure 3 
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we selected these 2 genes for further study. SPP1 and FN1 expression levels were markedly increased in esophageal carcinoma tissues compared with normal samples in each of the 4 discovery datasets ( Figure 4A-4D ). Common to these studies, increased expression of SPP1 and FN1 was validated in another cohort with malignant samples ( Figure 5A ). Both revealed that the dysregulation of SPP1 and FN1 was associated with tumorigenesis of esophageal carcinoma. Additionally, we validated the overexpression of SPP1 and FN1 in 182 ESCA tissues and 286 normal tissue samples from TCGA and GTEx using the GEPIA web. The expression of SPP1 and FN1, which was in accordance with the discovery datasets, was significantly different between the tumor and normal samples ( Figure 5B) . These results revealed that both SPP1 and FN1 were overexpressed in ESCA. We further demonstrated that patients with enhanced expression of SPP1 and FN1 had a higher pathological stage ( Figure 5C ).
Gene set enrichment analysis for SPP1 and FN1 expression
GSEA was conducted to investigate the potential function and their correlations between SPP1 or FN1 and esophageal cancer. Proteasome and nucleotide excision repair were the 2 most differentially enriched in the SPP1 high-expression phenotype ( Figure 6A ). Figure 6B shows that ECM-receptor interaction, focal adhesion, cell adhesion molecules cams, TGF-beta signaling pathway, regulation of actin cytoskeleton, cytokinecytokine receptor interaction, and glycosaminoglycan biosynthesis chondroitin sulfate were differentially enriched in the FN1 high-expression phenotype.
SPP1 and FN1 act as prognostic markers for patients with ESCA
We next assessed whether the overexpression of SPP1 and FN1 was connected with esophageal cancer patient survival. The Cancer Genome Atlas (TCGA) and the GTEx projects, which provided not only 182 ESCA patients' gene expression information but also clinical follow-up research, were utilized to evaluate disease-free survival (DFS). The GEPIA, a web server that analyzed gene expression data and clinical information from the TCGA and GTEx projects, was used to investigate the prognostic significance in esophageal carcinoma. We compared the survival curves with the P values count using the log-rank (Mantel-Cox) test. Plots of the Kaplan-Meier estimator showed that the overexpression of SPP1 and FN1 does not affect the overall survival of patients, while dysregulation of SPP1 and FN1 was remarkably connected with shorter disease-free survival (DFS) and earlier recurrence (P=0.001, HR: 2.2, Figure 7A ; P=0.0064, HR: 1.9, Figure 7B ). In short, these results suggest that overexpressed SPP1 and FN1 are prognostic markers for the prediction of ESCA relapse and survival.
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Discussion
Our study determined signatures of gene expression in esophageal carcinoma with genome-wide profiles by integrating 4 esophageal cancer microarray datasets of 87 esophageal cancer samples from GEO. Our results suggest that alterations at the molecular level can identify esophageal cancer with high accuracy, in contrast to studies using only a single dataset. We analyzed and identified 112 common DEGs in all esophageal tumor samples. Functional enrichment analysis of the DEGs using KEGG demonstrated that these DEGs had carcinogenic features in ESCA, including ECM-receptor interaction, focal adhesion, and transcriptional mis-regulation in cancer. Two genes -SPP1 and FN1 -were selected and later corroborated with the valid dataset and 468 samples from TCGA and the GTEx projects. In our study, we found that pathways related to proteasome and nucleotide excision repair were the 2 most differentially enriched in SPP1 high-expression phenotype, and ECM-receptor interaction and focal adhesion were the 2 most differentially enriched in FN1 high-expression phenotype. We also found that SPP1 and FN1 are strongly associated with short DFS and early recurrence in ESCA. ECM proteins, including collagen, proteoglycan, laminin, elastin, and fibronectin, are pre-conditions for tumor invasion and metastasis [19] . The reduced expressions of matrix metalloproteinase 2 (MMP2) promotes the invasion and migration in anoikis-resistant prostate cancer cells [20] . In breast cancer, low expression levels of a2V, which regulates breast tissue ECM stiffness, contributes to high risk of developing metastases in breast cancer patients [21] . Furthermore, as a key component that stabilizes the extracellular matrix (ECM) network, Nidogen-2 (NID2) is crucial to suppression of metastasis of esophageal squamous cell carcinoma [22] . The upregulation of LAMC2 contributes to the prognosis and metastasis of ESCC [23] . Amebiasis was recently reported in a patient diagnosed with colonic amebiasis and signet-ring cell carcinoma of the ileocecal valve [24] . In the African community, it was reported that 4 patients developed esophageal cancer from the chronic tract, and there was a strong association between chronic infection with gastrointestinal schistosomiasis and amebiasis and the likelihood of developing tumors [18] . Amebiasis can promote the development of esophageal cancer, and the interaction between amebiasis and esophageal cancer could be a new research focus. Our study demonstrated that amebiasis and the ECM-receptor interaction were the most significantly regulated pathways in ESCA. 
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SPP1 is rich in chemokine-like matrix phosphoglycoprotein; it is located on chromosome 4 (4q13) and contains 7 exons. In addition, SPP1 is a secreted non-collagen protein that affects cell proliferation, invasion, stem-like behavior, survival, and drug resistance. SPP1 is involved in the progression of invasion and metastasis of many cancers and has been considered a prognostic and diagnostic indicator for several cancers [25] . Additionally, SPP1 recruits potential meiotic double-strand break sites on the chromosomal axis [26] . SPP1 mediates the radioresistance of lung cancer with KRAS mutations [27] , and the loss of SPP1 produces a microenvironment that promotes glioblastoma [28] . Furthermore, SPP1 is a potential novel molecular therapeutic biomarker in patients with rectal cancer [29] . Studies showed that isoforms of SPP1 promote metastasis of esophageal adenocarcinoma cells [30] . Although SPP1 overexpression can contribute to the development of esophageal squamous cell carcinoma [31] , there is currently no data showing that SPP1 is related to proteasome and nucleotide excision repair. The development and progression mechanism(s) driven by SPP1 in ESCA need to be studied. PLCE1 proved to be a tumor promoter in our previous research [32] . Interestingly, we also found that there was a negative relationship between SPP1 and PLCE1 ( Figure 8A ). However, the mechanism by which SPP1 and PLCE1 are negatively related requires further exploration in ESCA, and we will further explore the relationship between them. FN1, which plays vital roles in embryogenesis, differentiation, carcinogenesis, and metastasis [33] , is reported to promote metastasis in ovarian cancer by activating MMP9 via the PI3K/Akt pathway [34] . It was reported that FN1 is associated with advanced stage in patients with renal cancer [35] . In breast cancer, the FN1 expression level is associated with prognosis [36] . In colon cancer cells, fibronectin is related to invasion ability [37] . It was found that a single-nucleotide polymorphism in FN1 affects tumor migration and metastasis of colon cancer [38] . In esophageal squamous cell carcinoma, FN1 promotes activation of the Erk pathway in the advanced stage [39] , and overexpression of FN1 increases proliferation and survival [40] . We found that there was no obvious relationship between FN1 and PLCE1, but there was a marked positive relationship between SPP1 and FN1 ( Figure 8B, 8C ), but the molecular mechanism underlying their relationship has not yet been studied.
Although we identified 2 diagnostic biomarkers and their pathways in ESCA and our research might be the first to combine GEO, TCGA, ROC analysis, experimental validation, and bioinformatics, the Western blot and immunohistochemistry experiments are needed to provide stronger support for the conclusion. In fact, we are considering studying the specific mechanisms of 2 key molecules in further research. Studies have shown that loss of SPP1 produces a microenvironment that promotes glioblastoma [28] , which stimulates our interests in studying the relationship between SPP1 and immune microenvironment in esophageal cancer. FN1 is related to the invasion of colon cancer cells [37] , and FN1 knockdown experiments in ESCA cells would provide stronger support for the relationship between FN1 and invasion in ESCA. We believe that further research will provide a stronger theoretical basis for targeted therapy of esophageal cancer. 
Conclusions
We showed that SPP1 and FN1 are overexpressed in esophageal cancer tissues, enriched in proteasome, nucleotide excision repair, ECM-receptor interaction, and focal adhesion, and they indicate poorer survival rates and a higher risk of tumor relapse and are potential markers of prognosis in patients with ESCA. These findings showed the need for further investigation into the molecular mechanisms of SPP1 and FN1 and their functions as early targets in ESCA, as well as the relationship between SPP1 and FN1.
